Abstract: Based on the daily precipitation data from 53 meteorological stations, 11 extreme precipitation indices were selected, categorized and calculated; the temporal and spatial patterns in these indices and their teleconnections with the large-scale circulations were analyzed by the non-parametric Mann-Kendall test; and Sen's slope estimator and linear regression for the period of 1960-2014 were calculated. The results indicated that all extreme precipitation indices had spatial patterns decreasing from the southeastern to the northwestern parts of the Beijing-Tianjin Sand Source Region (BTSSR), except for the consecutive dry days (CDD), which exhibited a reverse spatial pattern. At the whole-region scale, most extreme precipitation indices showed an insignificant decreasing trend, with exceptions in the intensity indices (RX1day and RX5day) with a statistical significance at the 90% confidence level. The total annual precipitation showed a general shift towards a drier climate in the study area. Spatially, all indices for extreme precipitation showed decreasing trends at most stations, except for simple daily intensity index (SDII) and heavy precipitation days (R10). The change in extreme precipitation may be affected by the El Niño-Southern Oscillation (ENSO), East Asian Summer Monsoon (EASM) and Pacific Decadal Oscillation (PDO). Better understanding of extreme precipitation for the BTSSR may be useful in the regional planning for ecological restoration and water management.
Introduction
Global change is the most important environmental issue and one of the greatest challenges facing humanity [1] as climate extremes are becoming more and more frequent [2, 3] . Climate extremes can seriously impact agriculture, water resources, urbanization, and drought [4] and drive changes in natural and human systems much more than average climate fluctuations [5, 6] . Extremes also tend to trigger floods, leading to economic damage and loss of life [7] . Because of the negative impacts Figure 1 . Locations of the study area and meteorological stations over the study region.
Data and Process

Data Source
Daily precipitation data from the BTSSR was obtained from the China Meteorological Data Network (http://www.data.cma.cn). When less than 90% of daily precipitation data existed or more than three months contained more than 20% missing days, annual precipitation records were regarded as missing. To ensure data integrity and consistency, stations were removed that lacked more than 75% of a year's precipitation records. Missing days were not replaced with estimated daily precipitation values [30, 31] . A total of 53 stations within and around the BTSSR were selected for further analysis, using data between 1960 and 2014 ( Figure 1 ). These stations were distributed evenly across the BTSSR.
Quality Control and Homogeneity Test
Quality control tests were performed using the RClimDex package developed by the ETCCDI [32] .This process eliminated errors, including errors in manual keying, negative precipitation, and outliers [2] . Daily precipitation figures with negative values were flagged as errors, and daily precipitation outliers were identified by manually examining visual data graphs and histograms. Suspicious outliers were identified using statistical tests, local knowledge, and comparisons with 
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Data Source
Quality Control and Homogeneity Test
Quality control tests were performed using the RClimDex package developed by the ETCCDI [32] .This process eliminated errors, including errors in manual keying, negative precipitation, and outliers [2] . Daily precipitation figures with negative values were flagged as errors, and daily precipitation outliers were identified by manually examining visual data graphs and histograms. Suspicious outliers were identified using statistical tests, local knowledge, and comparisons with adjacent days or the same day at neighboring stations. Clearly flawed data were adjusted or removed.
Step changes at specific stations occurred for a variety of reasons, including station relocation, instrument changes, and observing procedures. As a result, the observed meteorological data were not fully comparable. To eliminate this problem, daily precipitation values were used to calculate the monthly totals; log transformations were then used to test the data homogeneity using RHtest V3 developed by Feng and Wang [33] and has been widely applied to test climate data. Possible step changes were detected using the software; metadata were then used to evaluate the changes. No station was discarded from the sample set based on these two software tests.
Indices Calculation
After quality control and homogeneity tests, nine core indices for extreme precipitation from ETCCDMI were selected, having been applied widely to evaluate extreme precipitation shifts [20, 34, 35] . Two additional indices-PPL95, indicating the percentage of heavy rain days contributing to the total precipitation [19] , and R1, measuring the number of precipitation days with at least 1 mm/day [36] -were also included. These 11 extreme precipitation indices were then classified into four categories: (1) Frequency indices; (2) Intensity indices; (3) Duration indices; and (4) Other indices. Table 1 gives the detailed descriptions for these indices. All calculations of these indices were completed with the software RClimDex 1.0, which was developed by the Climate Research Branch of the Meteorological Service of Canada (Downsview, ON, Canada). 
Other indices
R95p
Very wet day precipitation Annual total PRCP when RR > 95th percentile mm PPL95 Contribution rate of R95p Percentage of very wet day precipitation to total precipitation % PRCPTOT Annual total wet-day precipitation Annual total PRCP in wet days (RR ≥ 1 mm) mm SDII Simple daily intensity index Annual total precipitation divided by the number of wet days (defined as PRCP ≥ 1 mm) in the year mm/day * In our study, the two intensity indices were analyzed using the annual maxima from 12 calculated indices values.
Interpolation and Trend Analysis of Indices
The spatial distribution of the 11 indices for the BTSSR was interpolated with the Kriging ordinary function using ArcGIS 10.2 from ESRI. As the simplest form of Kriging interpolation [37] , this method interpolates irregularly distributed surface station data to create spatial data with a continuous smooth surface, and is now widely used with meteorological variables [38, 39] .
Trends for individual station data and regional series were estimated and the significance of the trends was determined using the Mann-Kendall test [40, 41] , which does not assume that data are normally distributed, and robustly responds to the effects of outliers in the series and has been widely used to test trends in hydrological and meteorological data [29, [42] [43] [44] [45] , and the 10% level of statistical significance was used. Sen's slope estimator was used to estimate the true slope of an existing trend (the change per year) [46] . Before the Mann-Kendall test was conducted, the trend-free, pre-whitening method proposed by Yue et al. (2002) [47] was used to limit the effect of serial correlations on the Mann-Kendall test [48, 49] . The trends of consecutive wet days (CWD) for each individual station can also be estimated using the Mann-Kendall test; however, many upward and downward trend magnitudes were zero. Consequently, to estimate the trend magnitudes of CWD for individual stations, we used linear regression. All above the calculation of these indices trend was completed with the R software package.
Relationship Between Extreme Precipitation and Atmospheric Circulations
The El Niño-Southern Oscillation events are a coupled ocean-atmosphere phenomenon. El Niño involves warming of surface waters of the tropical Pacific in the region from the International Date Line to the west coast of South America, and associated changes in oceanic circulation. Its closely linked atmospheric counterpart, the Southern Oscillation, involves the changes in trade winds and associated tropical circulation which is encapsulated by a simple Southern Oscillation Index (SOI). The total phenomenon is generally referred to as ENSO [50] . This climate pattern's extreme oscillations cause extreme weather (such as floods and droughts) in many regions of the world, which can also affect precipitation in the BTSSR by controlling the East Asian Summer Monsoon (EASM) [51, 52] .
To explore the effect of circulation change in observed precipitation trend, the East Asian Summer Monsoon index (EASMI) [53] developed by Li and Zeng (2002) [54] , the Pacific Decadal Oscillation (PDO) defined as the leading principal component of North Pacific monthly sea surface temperature variability [55] and the Southern Oscillation index (SOI), a measure of the large-scale fluctuations in air pressure occurring between the western and eastern tropical Pacific during El Niño and La Niña episodes indicating the strength of the Southern Oscillation [56] were used. We analyzed the relationship between precipitation indices and these indices of the circulations by correlation analysis with the R software package. Figure 2 shows the spatial distributions of the extreme precipitation indices. All indices decrease from southeast to northwest across the study area; the exception was consecutive dry days (CDD), with a reverse spatial pattern. Among these indices, there were some significant differences in spatial distribution.
Results
Spatial Distribution of Precipitation Extremes
For the frequency indices, the regional average values of R1, R10, and R20 were 45.1, 10.6, and 4.0 days, respectively. For R10 and R20, the highest values were 22.7 days at Wutaishang station (R10) and 9.6 days at Qinglong station (R20), respectively. The smallest values were seen at Jilantai station, at only 2.2 for R10 and 0.8 days for R20.
For the intensity indices, RX1day and RX5day varied from 94.1 to 145.1 mm at Qinglong station to 21.0 and 27.5 mm at Jilantai station, respectively. The regional value was 45.8 mm for RX1day and 69.2 mm for RX5day. The region's rain storm center was primarily in the Yanshan Mountains, with values above 60 and 100 mm for RX1day and RX5day, respectively.
For the duration indices, the regional average consecutive wet days (CWD) was approximately 4.0 days. The greatest CWD value was 5.8 days at Wutaishan station and the smallest value was 2.4 days at Jilantai station. CWD decreased from the eastern and southern parts toward the northwestern part of this study area. However, CDD averaged 88 days, with a reverse spatial distribution compared to CWD. The smallest values were mainly distributed in the southwestern part of this area, at a value below 60 days; the maximal values were mainly in the northwestern BTSSR, with a value of more than 140 days.
For the other indices, PRCPTOT (total annual precipitation from events greater than 1 mm) had a similar spatial distribution as the frequency and intensity indices did. It ranged from 98.8 mm at Jilantain station to 728 mm at Wutaishan station, with a regional average of 355 mm. SDII ranged from 5.2 mm/day at Erenhot station to 12.8 mm/day at Qinglong station, with a regional average of 7.8 mm/day. The greatest SDII was mainly present in the southeastern part of BTSSR; the smallest values were in the middle-north region. The spatial distribution of R95p was similar to RX5day. R95p Jilantain station to 728 mm at Wutaishan station, with a regional average of 355 mm. SDII ranged from 5.2 mm/day at Erenhot station to 12.8 mm/day at Qinglong station, with a regional average of 7.8 mm/day. The greatest SDII was mainly present in the southeastern part of BTSSR; the smallest values were in the middle-north region. The spatial distribution of R95p was similar to RX5day. R95p ranged from 25.6 mm at Jilantai station to 204.4 mm at Qinglong station, with a regional average of 91.6 mm. PPL95, indicating the percentage of R95p to total precipitation, ranged from 19.2% at Datong station to 27.4% at Beijing station, with a regional average of 23.4%. The highest PPL95 was located in the eastern and southern parts of the study area, indicating that heavy precipitation occupies a larger proportion of those areas. The smallest values were in the northern and northwestern regions of BTSSR. 
Spatiotemporal Trends of Precipitation Extremes
Frequency Indices
Figure 3a-c show the temporal variation in regional average number of days for precipitation (R1), heavy precipitation (R10), and very heavy precipitation (R20) based on the annual arithmetic average of R1, R10, R20 for all stations. In general, the fluctuations of these indices continuously decreased from 1960 to 2014. When different periods are isolated, it appears there were no clear trends in the indices before 1980. Following this, there was greater variation, which increased until 1991. After that, there was a decreasing trend until 2000, followed by an increasing trend. Over the entire research area, the change in R1 was −0.57 days/decade based on the annual arithmetic average of R1 calculated for all stations; however, this result was not statistically significant at a 90% confidence level by the Mann-Kendall test. There was very little change in R10 and R20, at only −0.04 and −0.01 days/decade, respectively (Table 2 ). Over time, there were fewer days with a precipitation between 1 and 10 mm than with precipitation levels exceeding 10 and 20 mm. In addition, after the ecological restoration project, these indices increased over time. 
Spatiotemporal Trends of Precipitation Extremes
Frequency Indices
Figure 3a-c show the temporal variation in regional average number of days for precipitation (R1), heavy precipitation (R10), and very heavy precipitation (R20) based on the annual arithmetic average of R1, R10, R20 for all stations. In general, the fluctuations of these indices continuously decreased from 1960 to 2014. When different periods are isolated, it appears there were no clear trends in the indices before 1980. Following this, there was greater variation, which increased until 1991. After that, there was a decreasing trend until 2000, followed by an increasing trend. Over the entire research area, the change in R1 was −0.57 days/decade based on the annual arithmetic average of R1 calculated for all stations; however, this result was not statistically significant at a 90% confidence level by the Mann-Kendall test. There was very little change in R10 and R20, at only −0.04 and −0.01 days/decade, respectively (Table 2 ). Over time, there were fewer days with a precipitation between 1 and 10 mm than with precipitation levels exceeding 10 and 20 mm. In addition, after the ecological restoration project, these indices increased over time. Based on data from 22.6% of all stations, the spatial distribution of R1 showed an increase in the Yinshan Mountains and Eastern BTSSR ( Figure 4a) ; however, these changes were not significant. Among the stations experiencing decrease, data from only six stations (11.3% of all stations) demonstrated statistically significant decrease at a 90% confidence level. For R10, data from more than 49.1% of stations saw an increasing trend. These increases were centered on the western BTSSR and scattered on the eastern BTSSR (Figure 4b ). Among these, the larger changes were seen in the midwestern part of this area. Decreasing trends were seen in data from 43.4% of stations, scattered across the study area. Of these decreases, statistically significant changes were only seen at Wutaishan and Yulin stations, at magnitudes of 1.82 and 0.29 days/decade, respectively. The spatial distribution of R20 was similar to R10, with 49.1% of stations showing decreasing trend in the station data, concentrated in the southwestern and middle parts of the area (Figure 4c ). Data were only statistically significant at a 90% confidence level at two stations. In general, when considering the indices R1, R10, and R20, data from most stations showed a decreasing trend; more significant trends were seen with the R1 than for R10 and R20.
Atmosphere Based on data from 22.6% of all stations, the spatial distribution of R1 showed an increase in the Yinshan Mountains and Eastern BTSSR ( Figure 4a) ; however, these changes were not significant. Among the stations experiencing decrease, data from only six stations (11.3% of all stations) demonstrated statistically significant decrease at a 90% confidence level. For R10, data from more than 49.1% of stations saw an increasing trend. These increases were centered on the western BTSSR and scattered on the eastern BTSSR (Figure 4b ). Among these, the larger changes were seen in the midwestern part of this area. Decreasing trends were seen in data from 43.4% of stations, scattered across the study area. Of these decreases, statistically significant changes were only seen at Wutaishan and Yulin stations, at magnitudes of 1.82 and 0.29 days/decade, respectively. The spatial distribution of R20 was similar to R10, with 49.1% of stations showing decreasing trend in the station data, concentrated in the southwestern and middle parts of the area (Figure 4c ). Data were only statistically significant at a 90% confidence level at two stations. In general, when considering the indices R1, R10, and R20, data from most stations showed a decreasing trend; more significant trends were seen with the R1 than for R10 and R20. Figure 3d shows that the regional average RX1day followed a decreasing trend, with a greater fluctuation over the past 55 years. This pattern was similar to RX5day. Before 1980, both indices followed a decreasing trend. Then, they increased until the mid-1990s, decreased until the mid-2000s, and then increased until 2014 (Figure 3d,e) . When averaged across the full study area, RX1day and RX5day indices showed a statistically significant decreasing trend at a 95% confidence level, with a magnitude of −1.41 and −2.05 mm/decade, respectively (Table 2) .
For RX1day, there was a decreasing trend in data from 75.5% of the stations, with an average value of −1.27 mm/decade. The range was between −0.05 mm/decade at Jilantai station to −4.14 mm/decade at Beijing station. The stations located in southeastern and southwestern BTSSR showed larger decreasing trends than in other areas (Figure 4d) . However, data from only four stations (7.5% of stations) showed statistically significant decreases at a 90% confidence level. For Figure 3d shows that the regional average RX1day followed a decreasing trend, with a greater fluctuation over the past 55 years. This pattern was similar to RX5day. Before 1980, both indices followed a decreasing trend. Then, they increased until the mid-1990s, decreased until the mid-2000s, and then increased until 2014 (Figure 3d,e) . When averaged across the full study area, RX1day and RX5day indices showed a statistically significant decreasing trend at a 95% confidence level, with a magnitude of −1.41 and −2.05 mm/decade, respectively (Table 2) .
For RX1day, there was a decreasing trend in data from 75.5% of the stations, with an average value of −1.27 mm/decade. The range was between −0.05 mm/decade at Jilantai station to −4.14 mm/decade at Beijing station. The stations located in southeastern and southwestern BTSSR showed larger decreasing trends than in other areas (Figure 4d ). However, data from only four stations (7.5% of stations) showed statistically significant decreases at a 90% confidence level. For RX5day, data for 73.6% of stations displayed a decreasing trend, with an average value of −2.03 mm/decade. Values ranged from −0.20 mm/decade at Youyu station to −8.62 mm/decade at Beijing station. Among these stations, five stations (9.4% of stations) exhibited a statistically significant downward trend (Figure 4e) . Generally, similar spatial patterns were seen for RX1day and RX5day (Figure 4d,e) .
Duration Indices
At the regional scale, both CWD and CDD displayed fluctuations, with a decreasing trend over time. CWD increased, with a larger fluctuation, until the end of the 1970s. There was then a weak decrease until 1995, stronger declines until 2000, and then an obvious increase (Figure 3f) . However, CDD decreased, with fluctuations, until the 1990s, and then increased until 2014 (Figure 3g) . The average CWD and CDD across the study area showed an overall negative trend, with a change of −0.06 and −0.81 days/decade, respectively (Table 2) ; these trends were not statistically significant at a 90% confidence level (Table 2) .
For CWD, a decreasing trend was seen in data from 60.4% of the stations, with an average value of −0.094 days/decade. These decreases ranged from −0.36 days/decade at Wutaishan station, to −0.013 days/decade at the Yinchuan and Zhurihe stations. Data from only four stations (7.5% of station) were statistically significant; only one station displayed no trend (Figure 4f ). For CDD, data from 60.4% of the stations experienced a decreasing trend, with an average of −2.32 days/decade, scattering across the study region. Data from only three stations (5.7% of station) showed statistically significant trends (Figure 4g ). The increasing trends in CDD (20 stations) and decreasing trends in CWD (32 stations) were mainly distributed in the middle and western parts of this area; significant trends were seen at the Wutaishan station, with changes of 4.83 days/decade for CDD and −0.36 days/decade for CWD (Figure 4f,g ).
Other Indices
The regional PRCPTOT experienced a weak decreasing trend, with an average value of −3.74 mm/ decade; this was similar to R10 and R20 fluctuations ( Table 2 ). PRCPTOT did not show an obvious trend before 1980; it then increased until the mid-1990s, then decreased until 2005, and then increased again (Figure 3h ). The regional SDII displayed a very weak increasing trend, with an average of 0.016 (mm/day)/decade ( Table 2) . Before the mid-1990s, there was no obvious trend. In the mid-1990s, SDII abruptly increased. From the 2000s on, there was a lower daily intensity (Figure 3i ). R95p decreased weakly, with a regional average value of −2.89 mm/decade (Table 2 ). This fluctuation is very similar to RX1day and RX5day (Figure 3j ). PPL95 exhibited a weakly decreasing trend at a regional scale, with an average value of −0.57%/decade (Table 2 ). This fluctuation is similar to SDII (Figure 3k) .
The spatial distribution of PRCPTOT showed that 34 stations, accounting for 64.2% of total stations, experienced a decreasing trend, which mainly distributed in the northern and eastern parts of the study area (Figure 4h ). The trend magnitudes ranged from −54.3 to −0.42 mm/decade, with an average value of −7.02 mm/decade; however, only data from Wutainshan station showed a statistically significant trend. Other stations experienced an increase, ranging from 0.25 to 8.16 mm/decade, with an average value of 3.40 mm/decade; these stations were concentrated in the northwestern and southern parts of BTSSR (Figure 4h ). For SDII, data from 62.3% of the stations showed an increasing trend, mainly concentrated in the middle, western, and southern parts of the area (Figure 4i) , and only one station revealed a statistically significant trend. The decreasing trends were scattered in the northwestern and mideastern parts of this area (Figure 4i ).
R95p experienced a decreasing trend at 58.5% of stations (31 stations) with a change of −4.25 mm/ decade, mainly distributing in the middle, western, and southern parts of this area; however, data from four stations did exhibit statistically significant trends at a 90% confidence level (Figure 4j ). PPL95 decreased at 56.6% of stations, at an average decrease of −0.85%/decade; data from only two stations were significant at a 90% confidence level (Figure 4k ). Increases in R95p and PPL95 were not statistically significant. Generally, the spatial distribution of PPL95 and R95p were similar (Figure 4j,k) . Figure 5 shows the changes of the normalized ENSO, EASM, and PDO from 1950 to 2014. The strength of EASM is an important factor controlling precipitation amounts and extremes in our study area. The correlation analysis for the BTSSR indices shows that RX1day was significantly correlated with EASMI (r = 0.227, p < 0.1), especially by EASMI in June (r = 0.233, p < 0.1). RX5day was also positively correlated with EASMI; however, it was not statistically significant at a 90% confidence level (r = 0.20, p > 0.1). This indicates that precipitation extremes in this area were mainly affected by EASM.
Teleconnections with Large-Scale Climate Variables
Atmosphere 2017, 8, 83 12 of 18 study area. The correlation analysis for the BTSSR indices shows that RX1day was significantly correlated with EASMI (r = 0.227, p < 0.1), especially by EASMI in June (r = 0.233, p < 0.1). RX5day was also positively correlated with EASMI; however, it was not statistically significant at a 90% confidence level (r = 0.20, p > 0.1). This indicates that precipitation extremes in this area were mainly affected by EASM. Comparing the ENSO and extreme precipitation indices reveals that precipitation amounts and extremes were higher in the warming phase (El Niño) and lower in the cooling phase (La Niña). In addition, the PDO between July to October is negatively significantly correlated with RX1day and RX5day (r = −0.289 and −0.282, p < 0.05, respectively). This indicates a close linkage between ENSO, PDO and precipitation extremes over the BTSSR.
The correlation analysis shows that PRCPTOT was significantly affected by summer SOI (r = 0.251, p < 0.1), with a statistically significant effect on R95p (r = 0.271, p < 0.05). RX1day and RX5day indices are positively correlated with summer SOI, but not at statistically significant levels (r = 0.201 and 0.208, p > 0.1, respectively). In addition, R10 and R20 were also significantly positively correlated with the summer SOI (r = 0.314 and 0.326, p < 0.05, respectively); CDD was significantly positively correlated with SOI from the previous November to March (r = 0.283, p < 0.05), particularly with SOI from the previous December to February (r = 0.37, p < 0.01).
Discussions
Extreme Precipitation Trends
In this study, all indices representing extreme precipitation showed negative trends over time based on data from most stations. In particular, the intensity indices (RX1day and RX5day) significantly decreased over time, at a 95% confidence level. Similarly, decreasing trends in extreme precipitation have been observed in many other parts of the world, including southwestern Pakistan [22] , the Hawaiian Islands [57] , and northwestern Iran [58] . In China, many other studies have also found decreasing trends in extreme precipitation, in regions such as southeastern Tibet [59] , northern Sichuan [60] , and the Yellow River Basin [61] . In our study area, other precipitation extreme indices, such as R1, R10, R20, R95p, and PRCPTOT, showed a weak decreasing trend across most of this area (Table 2) . These results highlight a tendency toward a drier climate in the BTSSR. PPL95 displayed a decreasing trend in our study area, and this is different from trends in Southeast Comparing the ENSO and extreme precipitation indices reveals that precipitation amounts and extremes were higher in the warming phase (El Niño) and lower in the cooling phase (La Niña). In addition, the PDO between July to October is negatively significantly correlated with RX1day and RX5day (r = −0.289 and −0.282, p < 0.05, respectively). This indicates a close linkage between ENSO, PDO and precipitation extremes over the BTSSR.
Discussion
Extreme Precipitation Trends
In this study, all indices representing extreme precipitation showed negative trends over time based on data from most stations. In particular, the intensity indices (RX1day and RX5day) significantly decreased over time, at a 95% confidence level. Similarly, decreasing trends in extreme precipitation have been observed in many other parts of the world, including southwestern Pakistan [22] , the Hawaiian Islands [57] , and northwestern Iran [58] . In China, many other studies have also found decreasing trends in extreme precipitation, in regions such as southeastern Tibet [59] , northern Sichuan [60] , and the Yellow River Basin [61] . In our study area, other precipitation extreme indices, such as R1, R10, R20, R95p, and PRCPTOT, showed a weak decreasing trend across most of this area (Table 2) . These results highlight a tendency toward a drier climate in the BTSSR. PPL95 displayed a decreasing trend in our study area, and this is different from trends in Southeast Asia and in the western and central South Pacific [62] , which found that the proportion of annual rainfall from extreme events increased at a majority of stations. Extreme precipitation indices such as RX1day, RX5day, R10, R20, R95p, and PRCPTOT, also followed an increasing global trend [2] in regions such as central and southern Asia [9] , northwestern and southwestern China [12, 14] , and Xinjiang [63] . These previously reported results are in opposition to our study.
Possible Mechanism of Extreme Precipitation Changes
East Asian summer monsoon rainfall is associated with sea surface temperature (SST) conditions in the warm pool region and the nature of the association depends greatly on the precise location in the region. The western Pacific SST variations in warm pool region are associated with summer rainfall anomalies over China [64] .
The BTSSR is located in the marginal region of EASM effects, resulting mainly in summer precipitation. Annual total precipitation has shown the great inter-decadal variability over the BTSSR. According to the above analysis, we speculated that when the sea surface temperature in the western Pacific warm pool is high (El Niño), the convection will be enhanced, with a stronger EASM; consequently, more abundant water vapor will be transported into northern China, and more frequent and stronger summer precipitation in the BTSSR. Conversely, the low sea surface temperature in western Pacific warm pool will lead to a weaker EASM, as well as less frequent and weaker summer precipitation in our study area. Over recent decades, the EASMI and SOI have presented decreasing trends, and the decline of the Asian monsoon circulation strength, and the PDO increasing trends contributed commonly to severe precipitation anomalies over this period. These would explain why the annual precipitation and frequency of heavy precipitation days decreased, but precipitation strength increased slightly over BTSSR.
Additionally, the Arctic sea ice loss causes large-scale anomaly circulation in mid-to-high latitude Eurasia with strong cooling over the Eurasian continent east of 50 • E [65] [66] [67] [68] , which may impact the summer precipitation in the north of China [69] . The westerlies also have an important effect on the moisture budget, and the interannual variation of moisture convergence is the dominant factor in inducing variations in precipitation over higher latitudes in China [70] . Except for large-scale circulations, the topography may also affect the precipitation extremes. The impacts of monsoons, topography and their interaction mechanisms are very complicated.
Potential Impacts on Environmental Change
Precipitation is a main factor controlling vegetative growth and degraded-vegetation restoration in arid and semi-arid regions. In the BTSSR, indices associated with extreme precipitation, including R10, R20, RX1day, RX5day, R95p, PRCPTOT, and PPL95, showed an increasing trend between 1980 and 1998 ( Figure 3 ). This provided more abundant water resources to support vegetative growth. In the same period, vegetation also increased over time, mainly caused by precipitation [71] .
While it appears that vegetation in the BTSSR improved before 1998, there has been extensive land degradation in many areas of this region due to human activities, such as overgrazing, over-reclamation, deforestation, and coal mining. These conditions led to strong dust storms between 2000 and 2003. BTSSR is a significant source of dust storms during spring. As a sand source control project has been implemented between 2000 and 2014, the precipitation amounts (PRCPTOT) have increased, at a rate of approximately 49.7 mm/decade (Figure 3 ). This has provided more water to support vegetative growth, further enhancing the vegetation activity and restoration being done by the project itself [72] [73] [74] [75] . Moreover, earlier growth during spring caused by climate warming could lead to vegetation covering the land earlier, reducing the occurrence of dust storms [76] . In addition, significant decreases in wind speed [42] and increasing spring precipitation [71] contribute to the reductions in storms. However, due to the longer-term decreases in precipitation amounts and extremes, mainly during summer and consumed by vegetative growth, thus reducing soil moisture during the following spring, if vegetation and wind conditions remain the same, dust storms would increase.
In this study area, both the maximum 1-day precipitation (RX1day) and the maximum 5-day precipitation (RX5day) significantly decreased over time. The extreme heavy precipitation indices, such as R10, R20, and R95p, also decreased albeit not at significant levels. The contribution of heavy rain to the annual precipitation total (PPL95) also declined. Shan et al. (2015) also showed a decreasing trend in potential evapotranspiration, at a decline of −3.8 mm/decade [29] . These data suggest the hydrological cycle was weakened in the BTSSR. This may lead to less water runoff into inland lakes, especially flood runoff [72, 77] , further reducing lake surface areas and water levels. Some studies [78, 79] had shown the rapid loss of lakes on the Mongolian Plateau over the past few decades, especially in Inner Mongolia where precipitation has been a dominant driver in the lake changes. Our results align with these findings, as follows. First, Dali Nur Lake, located in the southeastern region, has experienced a shrinkage. Second, the water level in the Dai Hai Lake decreased at a rate of −0.16 mm per year [80] . Third, the Huangqihai Lake in the northern part of the BTSSR has been in a dry period since the 1980s [81] . Due to the shrinkages of these lakes, wetlands around the lakes have declined, affecting aquatic plant growth and distribution. As wetlands disappear, amphibians and frogs, which are sensitive to humidity changes, are threatened; loss of these species further reduces wetland biodiversity. In the future, research should examine the effect of extreme precipitation on lakes and wetlands in the ecological restoration project.
From a long-term perspective, the extreme precipitation indices, including PRCPTOT, R95p, RX1day, RX5day, R10, and R20 etc., reveal significant spatial differences. Regions with increasing trends in precipitation extremes, primarily the midwestern part of the study area, could see increased soil moisture, further accelerating vegetation activity and restoration. This would reduce the occurrence of dust storms. In the Hetao Plain, a large agricultural irrigation area associated with the Yellow River, increasing precipitation may reduce the need for agricultural irrigation. The Haihe and West Liao River Basin are areas with water erosion, landslides, and debris flows [82, 83] . Precipitation amounts and extremes decreased over time at most stations in these areas. This suggests a weakening for the possibility of mountain disasters, and a decrease in soil erosion. However, due to the decrease in precipitation amounts and extremes, the decreasing runoff may reduce the availability of water resources for metropolitan areas, such as Beijing and Tianjin. This could further exacerbate water shortages in these cities. In the Xilinguole grassland and Mu Us sandland, decreasing precipitation may accelerate the soil deficit, further impeding vegetative growth and restoration.
Conclusions
On the basis of daily precipitation data from 53 meteorological stations in the Beijing-Tianjin Sand Source Region (BTSSR) during 1960-2014, the temporal and spatial trends of extreme precipitation were analyzed by the Mann-Kendall test, Sen's slope estimator and linear regression. Furthermore, the possible causes and implications of changes in extreme precipitation were also studied. Similar spatial patterns were shown for all the indices, except for the consecutive dry days. At the whole-area scale, most precipitation extreme indices demonstrated decreasing trends with a statistically insignificant level; beyond that, the intensity indices exhibited significantly decreasing trends in RX1day and RX5day with a value of 1.41 and 2.05 mm/decade, respectively. Spatially, most stations experienced a decreasing trend in all indices for extreme precipitation over the past 55 years, except for SDII and R10, which indicated a general tendency toward a drier climate. Correlation analysis showed that the extreme precipitation in BTSSR is mainly affected by the El Niño-Southern Oscillation (ENSO), East Asian Summer Monsoon (EASM) and Pacific Decadal Oscillation (PDO). The decrease of ENSO and EASM, and the increase of PDO caused the decrease of extreme precipitations in BTSSR. Better understanding of the precipitation extremes for BTSSR may be useful in terms of regional planning for ecological restoration, natural hazards prevention and water management in the future. More attention should be paid to the variations of extreme precipitation due to these large-scale circulations for a clearer picture of the impact on environmental change in BTSSR.
